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Introduction
Conditional Cash Transfer (CCT) programs, in which families receive government payments upon fulfillment of schooling and other requirements, are today among the most popular and celebrated social support programs in the world. Various versions of CCTs have been adopted in countries as diverse as Argentina, Bangladesh, Colombia, Indonesia, Jamaica, Kenya, Mexico, Turkey, and the US, among innumerous others. There is substantial evidence from some of these settings on the positive effects of CCTs on enrollment rates, preventive health care, and nutrition (for reviews of the literature, see Rawlings and Rubio, 2005, and Fizbein and Schady, 2009) . Brazil, in particular, has one of the first and the largest CCT program in the world, currently named Bolsa Família. It covers over 11 million families and costs close to 0.4% of the country's GDP.
Evidence suggests that Bolsa Família has had substantial impact on enrollment rates, school progression, extreme poverty, and inequality, though there are questions related to its social rate of return and effectiveness in urban settings (Soares and Sátyro, 2009, and Glewwe and Kassouf, 2012) . This paper uses school and crime data from the city of São Paulo, Brazil, to present one of the first pieces of evidence on the effect of Bolsa Família -or, for that matter, of any CCT program -on crime.
1 Making use of a unique dataset combining detailed school characteristics with time and geo-referenced crime information, we estimate the contemporaneous impact of the number of children covered by Bolsa Família within a school on crime in the school neighborhood. The number of children covered by CCT in an area at a moment in time is determined by the incidence of poverty and unemployment and by other socioeconomic characteristics, all likely to be correlated with crime. This precludes the interpretation of the correlation between Bolsa Família coverage and crime as causal. We overcome this problem by exploiting the 2008 expansion of the program to adolescents aged 16 and 17, from an initial setting where maximum age of coverage was 15. We construct an instrument that combines the timing of expansion and the initial demographic composition of schools to identify plausibly exogenous variations in the number of children covered by the CCT. This instrument allows us to estimate the causal impact of Bolsa Família on crime. We find a robust and significant negative impact of Bolsa Família transfers on crime. Our estimate suggests that the expansion of Bolsa Família between 2006 and 2009, corresponding to roughly 59 more students covered per school, caused a 21% reduction in crime in school neighborhoods (94 fewer crimes per school per year).
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The potential relevance of CCTs as crime reducing instruments should indeed be expected, given that youth account for a disproportionately high fraction of crimes, and that there is an intimate relationship between education, socioeconomic conditions, and crime. In the US, for example, Levitt and Lochner (2001) document that 20% of the arrests for violent crimes involve individuals between ages 15 and 19. In our data for São Paulo, among crimes for which the age of the suspected offender is known, between 20% and 25% of robberies, thefts, and motor vehicle crimes are supposedly committed by individuals below age 18.
On education and crime, there are various potential channels in a two-way relationship. There is evidence on the effect of violence and crime on schooling and learning (see, for example, Grogger, 1997 , Aizer, 2009 , Rodríguez and Sanchez, 2009 , Chambargwala and Morán, 2010 , and Monteiro and Rocha, 2011 and also on the effect of schooling on involvement with crime and violence (see review by Lochner, 2010) .
Schooling may have long-term effects on criminal behavior through wages and preferences (discount rates and risk aversion), and, therefore, through the relative attractiveness of criminal activities and the cost of expected punishment (Becker and Mulligan, 1997 , Lochner and Moretti, 2004 , Lochner, 2010 , Machin et al, 2010 , and Deming, 2011 . More importantly for this paper, schooling also has short-term impacts through an incapacitation effect, since time spent in school reduces the opportunity for certain types of crimes and risky behavior, though possibly also increasing the interaction among youth and the likelihood of violence. Anderson (2011) , for example, documents declines in juvenile crime rates at the time of increase in minimum dropout ages across US states, while Berthelon and Kruger (2011) report reductions in crime and teenage pregnancy following a school reform in Chile that increased weekly school hours from 32 to 39. Jacob and Lefgren (2003) and Luallen (2006) , the former exploiting variations in teacher in-service days and the latter teacher strikes, document that property crimes decline but violent crimes rise when youth are in school (see also Snyder and Sickmund, 1999, and Gottfredson and Soulé, 2005) .
But one of CCTs' main features is that it also implies monthly money transfers to families, and these may have direct impacts on criminal behavior. The ability to buy certain goods with transfers from the government may reduce the incentive or "need" to engage in economically motivated crimes. Additional income from welfare transfers may also alter households' routines in a manner that exposes them to less risk of victimization and/or opportunities for delinquency, such as by affording parents more time for supervision (Heller et al, 2010) . Indeed, there is evidence that welfare transfers affect crime rates. De Franzo (1996, 1997), Zhang (1997) , Hannon and De Franzo (1998), and Foley (2008) study the effect of the amount and timing of welfare payments, finding impacts on total number of crimes (negative) and also on the distribution of crimes through the month. Jacob and Ludwig (2010) analyze a housing voucher program in Chicago that transferred 3 the equivalent of 50% of household income to beneficiaries, reporting a decline of roughly 20% in both violent and overall arrests, which implies an income elasticity of -0.4.
A final channel through which CCTs may affect crime is social interaction. If the network or reference group of youth is affected by school enrollment and attendance, then staying in school may have positive peer effects (Glaeser et al, 1996, and Lochner, 2010) , despite the higher probability of attrition between youths.
This would be true as long as the school network were on average better than the peer group that youth would have in case they dropped out (or did not attend school).
The main challenge faced by this paper is to isolate the channel through which Bolsa Família affects crime. Though we present robust evidence on the effect of Bolsa Família transfers on crime, we are not able to directly address the issue of channel. Nevertheless, by looking at the heterogeneity of effects across days and types of crimes, we do provide some suggestive evidence on the channels that are likely to be at work in our setting. We find that the estimated effects of CCT on crime are virtually identical across school and nonschool days, suggesting that the incapacitation mechanism extensively discussed in the US literature is not the driving force behind our results. We also find the effects to be quantitatively more important for robberies, though there is also some evidence of reductions in drug-related crimes and crimes against minors. So the results indicate that the income component of Bolsa Família is likely to be an important determinant of the reductions in crime, though social interactions through changed peer groups cannot be ruled out.
Our paper relates to three strands of literature. First, the paper adds to the numerous studies analyzing the impact of CCT programs by showing that spillovers onto other social phenomena, not directly targeted in the initial design of this type of program, may be significant and relevant from a policy perspective (see review in Fizbein and Schady, 2009). Second, it relates to the literature on educational policies and crime, and presents a context in which there is a reduction crime, but where incapacitation and future returns to schooling do not seem to be the main thrust. And third, the paper also speaks to the discussion on the socioeconomic determinants of crime. Various authors have documented a robust correlation between inequality and crime (see, for example, Fajnzylber et al, 2002 , Bourguignon et al, 2003 , Soares, 2004 , or the discussion in Soares and Naritomi, 2010) . To the extent that Bolsa Família has had a substantial impact on inequality in Brazil (Soares and Sátyro, 2009) , and that the income effect is likely to be an important force behind our results, the evidence presented here may be seen as an additional piece of information on the relationship between socioeconomic conditions and crime (in line with the evidence from welfare payments discussed before).
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The remainder of the paper is organized as follows. Section 2 provides an institutional background, by briefly describing the Bolsa Família CCT program and Brazilian educational and law enforcement systems.
Section 3 presents and discusses the data, while section 4 describes our methodology and identification strategy. Finally, section 5 presents the results and is followed by concluding remarks in section 6. Thus, in our particular context, it is very unlikely that CCT allocation takes into account differences in violence within the city of São Paulo. However, the program targets poor families, and areas with different concentration -or dynamics -of poverty are likely to have different levels -or dynamics -of crime, be it due to socioeconomic conditions, to other policies, or to different intensity and style of policing.
Institutional Background
Law Enforcement
Law enforcement in Brazil is primarily the responsibility of state governments. Executive and administrative authority rests with the state secretariats of public security (Secretarias Estaduais de Segurança Pública), which are appointed and respond directly to the governor, who also allocates the budget to the secretariats. Some strategic decisions are determined by law. For example, by constitutional mandate, the number of policemen in the state of São Paulo has to be roughly constant in per capita terms across cities. The execution of enforcement is shared between two corporations that respond to the secretariats: the military police, responsible for ostensive patrolling and repression, and the civil police, which is judiciary and investigative. The commanders of the two police forces are appointed by the governor. There are also municipal police forces (Guardas Civis Municipais), which are not mandatory by federal law but a choice of the municipality. These can be used to reinforce ostensive patrolling, traffic and crowd control, but have less authority and a reduced scope in comparison to the state polices. The city of São Paulo has its municipal police force. Crime recording and monitoring of public security conditions are, nevertheless, responsibility of the state polices.
Education
Primary and secondary schooling in Brazil is mainly responsibility of cities and states. In general, cities focus on elementary and middle schools (pre-school to 8 th grade), and states focus on middle and high schools. In the city of São Paulo, 98% of municipal schools offer middle school grades and none offers high school, while, among state schools, 93% offer middle school grades and 99% offer high school.
Pupil allocation to schools is based on residence location. There are no official school districts, but the city and state secretariats form a committee, which enroll the pupil at the closest available school. Once the child enters a school, she stays there unless the family moves from the original neighborhood. Parents cannot choose schools, except for a couple of high-performance flagship schools -which have enrollment rationed through entrance exams -and for decisions on neighborhood of residence. There is no evidence that public schooling is an important dimension in neighborhood choice in Brazil.
Given the system of assignment of pupils to schools, it is unlikely that students with particular characteristics (more or less violent, for example) are deliberately sent to schools with more Bolsa Família coverage. However, again, students from poorer families will be clustered in schools in poorer neighborhoods, which are likely to have higher coverage of Bolsa Família and higher crime rates. Similarly, changes in local economic conditions and other policies may simultaneously affect eligibility of families to the CCT program and the incidence of crime in a certain area. To give a concrete example, consider the minimum wage increase from R$300 to R$465 between 2006 and 2009, corresponding to a 55% gain in nominal terms and a 30% gain in real terms. To the extent that minimum wages impact mostly low-income families, this change should affect the correlation between CCT coverage and crime. This is the type of concern we have in mind when developing our empirical strategy in section 4. includes all information available from the police reports. It includes location of occurrence (translated into latitude and longitude), type of crime, estimated time of occurrence, and, sometimes, characteristics of the suspected offender, such as age and gender. Unfortunately, age of the suspected offender is available only for a very small fraction of the sample. Therefore, due to concerns about sample selection, we do not use this specific information. We concentrate our analysis on thefts, robberies, acts of vandalism, violent crimes, drugrelated offenses, and crimes against minors.
3 Records related to these offenses encompass a total of 1,473,939 crimes over the 4 years in our sample.
School Data
Our school and student data cover the period between 2006 and 2009 and come from two sources.
From the Secretaria de Educação da Cidade de São Paulo, we have data on state and municipal schools
identifying the type of school, school location (translated into longitude and latitude), and number of students covered by conditional cash transfer programs (separate information on number of students receiving Bolsa Família and Renda Mínima). From the Brazilian School Census, we gather additional information on number and demographic characteristics of teachers and students, and school infrastructure. The characteristics are:
education of teachers; gender, race, and current grade of students; and number of classrooms, availability of treated water, sanitation, and TV, and number of computers.
Unit of Analysis
Given the data, nature of the phenomenon, and policy we are studying, geographic areas associated with particular schools should be the natural unit of analysis. Unfortunately, as mentioned before, São Paulo does not have a strict geographic definition of school districts. Still, students in the city are allocated to slots available in the closest school, so there is a high correlation between school location and neighborhood of 8 residence. Therefore, we create artificial school districts by assigning to a given school the area that is closer to it than to any other school. This is a key step that allows us to link crimes happening in a given location to a particular school.
Obviously, children do not circulate only in these areas and do not necessarily live there, but they are likely to live close to the school and spend part of their day there. If there is a high probability that children are around the school area for a significant amount of time, this approach should be adequate. US evidence supports this strategy, since it reveals a concentration of crimes committed by youth in periods immediately after school hours, when children/adolescents are still likely to be near the school (Snyder and Sickmund, 1999 , Jacob and Lefgren, 2003 , and Gottfredson and Soulé, 2005 . The system of allocation of students to schools in São Paulo also supports our approach, as children are expected to study in the closest school available. Hence, our measure of crime per school is the number of crimes that were committed closer to a given school than to any other school (these crimes are "assigned" to that particular school).
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The construction of our dependent variable depends, therefore, on the schools included in the sample.
Generally, the number of crimes assigned to a given school can vary with the full set of schools considered.
Given the typical age of students, we focus on middle and high schools (from 5 th to 11 th grade) and start by generating the number of crimes per school considering three different samples: only high schools, only middle schools, and middle schools and high schools together. 5 This allows us to check the robustness of the results to different formulations and also to assess how the response of crime varies with the age of children.
Based on the age composition of students, it is likely that high schools -with older adolescents -would be the more adequate unit for our analysis. Table 1 provides descriptive statistics for the three samples we generate: one composed only of middle schools, another composed only of high schools, and a third one composed of middle schools and high schools together. The unit of observation is the school, and all crime statistics refer to the definition of school districts discussed in the previous section.
Descriptive Statistics
High schools are less numerous than middle schools. Thus, by construction of our metric of crime around schools, there is more crime around high schools than middle schools, since the former covers a larger area than the latter. Otherwise, crime follows similar patterns around high and middle schools. Regarding 9 specific types of crimes (not shown in the table), robbery is the most common, followed by violent crimes. The incidence of theft is lower than that of violent crimes, suggesting a considerable degree of underreporting for lesser crimes. Categories such as vandalism, drug-related and crimes against minors have substantially fewer occurrences, indicating that it may be difficult to estimate the impact of Bolsa Família for these categories. 
Empirical Strategy
The main challenge in the identification of the causal effect of CCTs on crime comes from the fact that targeting implies that CCT coverage is correlated with socioeconomic conditions, which, in turn, can be correlated with crime. This potential problem is present in both the cross section -as when poorer areas have higher CCT coverage and higher crime -and the time series -as when areas experiencing economic improvements see reductions in CCT coverage and reductions in crime rates. So, for example, fixed-effects, despite being important for controlling for unobserved characteristics, would not be enough to overcome the endogeneity problem. In short, the fraction of children covered by the program each year is likely to be a direct function of socioeconomic conditions in the area at that point in time, which may in turn have an independent impact on crime rates. From this perspective, we could find a positive correlation between CCTs and crime simply because increased coverage is associated with deteriorating socioeconomic conditions.
In addition to controlling for school fixed-effects and several variables related to infrastructure and teachers and students characteristics, we adopt an instrumental variables approach to try to overcome this Our benchmark specification is the following:
where crime it denotes the number of crimes in school i and year t; CCT it is the number of students receiving CCT; X it is a set of school variables related to infrastructure, and teachers and students characteristics; and θ i and δ t are, respectively, school and year fixed-effects. In all specifications, standard errors are clustered at the school level, so that the error term is allowed to have an arbitrary correlation within schools over time. Our instrument for CCT it is the interaction of number of students between ages 16 and 17 in 2006 with a dummy variable equal to one in 2008 and 2009, years in which program coverage was expanded to those ages.
As we do not have a measure of local population, which would be the natural way to normalize the number of crimes in a given area, we use the natural logarithm of number of crimes as the dependent variable. We control for the number of children in the school in the right hand side, since they are potential offenders and victims. Furthermore, given that children from different schools interact and migrate across boundaries of our definition of school districts, in some specifications we also control for the number of children in neighboring schools. To construct this variable, we count the number of students enrolled in schools within two kilometers of a given school.
Our full set of controls includes the following information from the Brazilian School Census: number of students enrolled, average years of schooling of teachers, student-teacher ratio, number of students per class, availability of sewage, availability of treated water, availability of TVs for students, availability of computers for students, fraction of non-white students, fraction of female students, fraction of delayed students, and, in some specifications, number of students enrolled in schools within 2 kilometers. These are intended to capture, above all, socioeconomic conditions of the area where the school is located (or, similarly, of the students' families) and impacts of other competing policies that may have similar effects to those expected from CCTs.
One last issue in our estimation is the fact that the dependent variable is the number of crimes in relatively small areas. In contexts of count data, such as this, there are concerns related to the functional form of the estimating equation, given the possibility of an excessive number of zeros and over-dispersion. In our setting, excessive zeros do not seem to be a serious issue, but over-dispersion may be a problem (see Figure   A .1 in the Appendix). For this reason, in addition to linear regressions with the dependent variable in natural logarithms (substituting undefined values by zero), we also estimate Poisson and negative binomial models. In all three cases, coefficients can be interpreted as semi-elasticities.
Finally, in trying to understand the channels through which Bolsa Família affects crime, we also estimate our benchmark specification for different types of crimes and for crimes committed in different days of the week and at different hours.
Results
Benchmark Specification
Panels A, B, and C in Table 2 present the results of our benchmark specification for the three alternative samples: only middle schools, only high schools, and middle and high schools together. In order to clarify the type of variation contained in the data and the role played by our instrument, each panel consists of five columns: the first one displays the result of a simple regression of log of crimes on number of students receiving Bolsa Famíla and time dummies, with no additional controls; the second column adds our set of controls to this specification (students, teachers, and school characteristics); the third column adds school fixed effects; the fourth columns presents a reduced form regression of log of crimes on our instrument and the full set of controls (the instrument is the interaction of number of students between ages 16 and 17 in 2006 with a dummy equal to 1 in 2008 and 2009); and the last column presents our IV estimates, where number of students receiving Bolsa Família is treated as endogenous.
Qualitative results are identical across the three samples, so we concentrate the discussion on our preferred sample, high schools, and leave quantitative considerations for later. Looking at column 1 in Panel B, one can see a negative correlation between number of students receiving Bolsa Família and crime in the school neighborhood. This correlation is not associated with observable characteristics of schools, teachers, and students, since the coefficient remains virtually unchanged when we add the controls in column 2. But in column 3, when we add school fixed effects, the negative correlation between CCT coverage and crime disappears and the estimated coefficient becomes very small in magnitude and non-significant. These first three columns suggests that there is some cross-sectional variation in Bolsa Família coverage that seems to be negatively associated with crime, but that the within school variation in coverage bears no noticeable relationship with crime rates. This could be the case if, for example, there was a more or less random variation in coverage across school, but coverage within a school over time responded to neighborhood conditions. The latter would be expected if, for example, any improvement in local economic conditions were associated with reduced Bolsa Família eligibility and reduced crime. The real gain in minimum wages mentioned before could be one force generating this type of correlation, but any other factor determining local development would also work in this direction.
The within school variation in CCT coverage seems to isolate the most endogenous dimension of variation in our independent variable. Therefore, if we want to use school fixed effects to control for unobserved neighborhood characteristics, we need to use our instrument for Bolsa Família coverage. Column 4 presents a reduced form regression of crime on our instrument, showing that the instrument is negatively correlated with crime rates. In short, schools with a higher number of students between ages 16 and 17 in 2006 experienced larger declines in crime in 2008 and 2009, when the CCT coverage was expanded to these age groups. In column 5, we use the instrument to isolate the supposedly exogenous dimension of variation in Bolsa Família coverage. The coefficient is negative and statistically significant and, surprisingly, almost identical to the coefficients presented in columns 1 and 2, where we did not use school fixed effects. So, for the case of high schools, the simple conditional correlation between CCT coverage and crime seems to give a very accurate estimate of the causal effect. The key identifying assumption here is that the age composition of schools in 2006 was indeed associated with changes in coverage after 2008 and that, additionally, there was no other connection between age composition and variations in crime apart from that working through CCT coverage. 6 We present some evidence to support these two assumptions in the following tables.
The results across the three samples in Table 2 are qualitatively very similar, but have some noticeable quantitative differences. First and most importantly, the estimated effects of Bolsa Família on crime are stronger for high schools than for the other two samples. Since high schools have the older children and adolescents, which indeed should be expected to be more actively involved in crime, this should be expected.
Overall, the estimated coefficients for high schools are at least 100% larger than the analogous ones for the other two samples. Furthermore, the coefficient is much more stable across columns 1, 2 and 5 in the high school sample. This suggests that, looking at column 1, the endogenous dimension of variation in Bolsa Família is a more serious issue for middle schools than for high schools. For all these reasons, and also because high schools constituted our preferred sample since the beginning, we concentrate the results presented in the remainder of the paper on the high school sample and on the specification from column 5.
13 Table 3 presents the first stage of our instrumental variable strategy. In order to clarify the type of variation identified by the instrument, we present three specifications: the first one is a simple regression of Bolsa Família coverage on the instrument and time dummies; the second one includes school fixed effects; and the last one, which is the actual first stage related to column 5 of Table 2 , includes all controls. The most important point from Table 3 is that in column 1, before we include school fixed effects, there is no correlation between the instrument and CCT coverage. This comes from the negative cross-sectional correlation between number of students aged 16 and 17 and Bolsa Família coverage, since the main focus of the program is children below age 15. But once school fixed effects are introduced in column 2, we see a positive and significant relationship between the instrument and CCT coverage. The coefficient rises in magnitude and becomes estimated more precisely when we introduce additional controls in column 3. The point estimate implies that 100 more students between 16 and 17 in 2006 would be associated with 4 more students covered
by Bolsa Família after 2008, corresponding to a 4% coverage in this age group (which seems to be in line with the overall coverage of 9% in high schools from Table 1 ). This final specification is the one indeed used in our instrumental variable approach, and the F statistic displayed in the table suggests that the instrument plays an important role in explaining variations in CCT coverage, so that we do not have a weak instrument problem.
Going back to the results from Table 2 The benchmark results from Table 2 demand several comments. There is a remarkable difference between the fixed effects and the IV-fixed effects estimates, as well as a remarkable similarity between the IVfixed effects and the between estimates from columns 1 and 2. As mentioned before, we interpret these differences and similarities as evidence that the within variation is particularly endogenous: after discarding all common time-series variation, within variation in crime is most likely driven by differences in socioeconomic 14 dynamics across neighborhoods. Bolsa Família, in turn, probably penetrated more rapidly in deteriorating places. Our instrument corrects for that.
It is also useful to recall the margin along which this parameter is estimated. With heterogeneous treatment effects, the IV estimate represents the average reduction in crime among those areas most affected by the expansion in Bolsa Família, i.e. areas with lots of low income 16 and 17 year-olds. In all likelihood, these are precisely the youth who are at most risk of involvement in crime and violence and who would engage in illicit acts in the absence of the CCT. The magnitudes reported here are therefore not implausible: the Bolsa Família expansion is recruiting into school and transferring money to precisely those individuals who are most at risk of involvement in crime, namely adolescents aged 16 and 17 from poor households.
Robustness
We now address some potential concerns related to our benchmark results. We first analyze whether incorporating the municipal CCT program (Renda Mínima) affects the results, then consider potential spillovers of crime across school neighborhoods, and finally address issues related to the functional form of the estimating equation. In addition, the municipal CCT program allows us to provide some evidence to validate the exclusion restriction of our Bolsa Família instrument.
As mentioned in section 2, Renda Mínima is a municipal CCT program that sometimes complements and sometimes replaces Bolsa Família. We do not have an institutional change analogous to the expansion of Bolsa Família coverage that would allow us to estimate an independent causal effect of Renda Mínima.
Therefore, it is not obvious how the municipal CCT program should be incorporated in our analysis. One alternative would be to sum the total number of children in each school receiving either Bolsa Família or Renda Mínima to create an aggregate variable for CCT recipients, and then instrument this variable with the same instrument that we constructed for Bolsa Família. The problem with this procedure would be the possibility of double counting, since for some families the municipal program complements the federal one.
Another alternative would be simply to include Renda Mínima coverage as an additional control in our estimation. The problem with this alternative would be that Renda Mínima suffers from the same endogeneity issue discussed before, so that its coefficient -and potentially also the other estimated coefficients -would be biased. Since there is no clearly dominant strategy between these two, we apply both.
In the first three columns from Table 4 , we present the results from these exercises. In the first column, we present the result from the first stage regression when we consider the sum of recipients of Bolsa Família and Renda Mínima as the total CCT coverage per school, while in the second column we present the second stage of this same exercise. Results from both the first and second stages are very similar to those obtained before, though the coefficients are estimated slightly less precisely. In the third column, we present the results when we include Renda Mínima as an additional control. Though the coefficient on the municipal CCT appears as positive and statistically significant, the coefficient on the Bolsa Família variable (instrumented) remains very similar to what was obtained before. Given our previous discussion on the endogeneity of CCT coverage, the positive coefficient on Renda Mínima should be no surprise. The important point from these first three columns is that, irrespective of how one wants to incorporate Renda Mínima in the estimation, there is no substantial change on the estimate of the causal impact of Bolsa Família on crime.
But the municipal CCT program also offers an unusual opportunity for us to validate our instrument.
One potential concern is that the initial demographic composition of schools might be correlated with specific neighborhood characteristics, which, in turn, might be associated with the evolution of socioeconomic conditions and crime rates over time. If that was the case, our second and first stage results from Tables 2 and   3 would be spurious, reflecting simply the differential dynamic behavior of neighborhoods with a large number of teenagers around ages 16 and 17. If that was the case, we should expect our strategy to also deliver similar results when, instead of considering the Bolsa Família program, we consider Renda Mínima.
The latter was not expanded to encompass 16 and 17 year-olds, so our instrument should not work when we consider Renda Mínima alone and ignore Bolsa Família. If it did work in this setting, this should raise serious doubts regarding our identification strategy.
In columns 4 and 5 of Table 4 we conduct this exercise. We ignore Bolsa Família coverage and concentrate solely on Renda Mínima. We then run our most complete specification, corresponding to column 5 in Table 2 , and to column 3 in Table 3 . Column 4 in Table 4 shows that there is no significant correlation between our instrument and Renda Mínima coverage. In reality, the point estimate is negative but far from statistically significant. In column 5, we show that the second stage of this exercise also delivers nonsignificant results, which do not carry much meaning anyway given the failure of the first stage. Using our instrument based on institutional changes to the Bolsa Família CCT program, we are not able to generate exogenous variation nor to identify any causal effect of the Renda Mínima CCT program, which was not subject to the same institutional change. These results should be expected if the exclusion restriction implicit in our instrumental variable approach was met. This indeed seems to be the case.
Another potential concern is related to the geographic dimension of the problem and the possibility of migration of youth across school neighborhoods. Areas surrounded by a large number of schools with several students may be subject to more crime because a larger number of students circulate and interact with each other. We address this issue by calculating the total number of students in schools within a certain distance 16 from a given school and including it as an additional control in our benchmark specification. Our variable is the total number of students in schools within two kilometers of a given school. Column 6 in Table 4 presents the result of a regression that controls for this additional variable. The point estimate on the Bolsa Família variable (instrumented) remains again very similar to that obtained before. So accounting for the geographic distribution of schools and the possibility of migration of youths across school neighborhoods makes virtually no difference to our initial results. Interestingly, we find that the number of students within two kilometers of a given school has a positive and significant impact on the number of crimes in the school neighborhood. But the impact is quantitatively very small: a 1 standard deviation increase in the number of students within two kilometers (5,963) would be associated with 0.5 more crime per year in the school neighborhood.
Finally, we address potential concerns related to the functional form of the estimating equation. Our dependent variable is a non-negative integer, and the number of crimes in some areas is small. Count data models are arguably more adequate for estimation in this context, where an excessive number of zeros or over-dispersion may raise specification concerns (Wooldridge, 2002) . In our case, when all crimes are considered, over-dispersion seems to be potentially important, but an excessive number of zeros does not seem to be an issue (see Figure A .1 in the Appendix). 7 Still, we re-estimate our benchmark specification using
Poisson and Negative Binomial models. For the case of Poisson, we estimate all specifications corresponding to columns 1 to 5 in Table 2 . For the Negative Binomial, we estimate only specifications corresponding to the instrumental variable regression from column 5 in Table 2 . Given the non-linearity present in all these models, the instrumental variable strategy is implemented using control functions and standard errors are bootstrapped. 8 The coefficients in these count models can be interpreted as semi-elasticities, so that they can be directly compared to the results obtained before.
The results are displayed in Table 5 . The first five columns reproduce the columns from Table 2 The average number of crimes around high schools and middle schools is, respectively, 634 and 377. Zeros occur 0.17% and 0.26% of observations in each case.
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In both cases we use the fixed-effect transformation (subtracting the mean overtime for each cross section unit), and bootstrap standard errors re-drawing and re-estimating both the first-stage and the second stage including the estimated residual. Under certain assumptions, this procedure will eliminate the fixed-effect even in non-linear models such as the Negative Binomial and the Poisson. See Cameron and Triverdi (2005). dispersion, is much larger than the corresponding Poisson result, coming closer to the point estimate from column 5 in Table 2 . Overall, issues related to functional forms and count data do not seem to influence the main results presented before.
Channels
The last challenge of this paper is to identify the channels through which Bolsa Família affects crime. As mentioned, there are at least three potential channels in this relationship: incapacitation from time spent in school, income effects from government transfers, and social interactions from changed peer group.
One way to address whether incapacitation seems to be at work is by looking at the effect of Bolsa Família on crime by day and time of occurrence. Finding larger effects on school days would in principle suggest an important role for the incapacitation effect, whereby time spent in school "crowds-out" opportunities for delinquency. We classify each crime in our sample as having occurred on a school or on a non-school day, corresponding to days with and without classes (non-school days are defined as weekends, holidays, vacations, etc). We also classify crimes as having occurred in the morning (6:00am-12:00pm), afternoon (12:00pm-6:00pm), evening (6:00pm-12:00am), and night (12:00am-6:00am). In this classification, high school classes are typically held in the morning or in the afternoon. Following, we run our benchmark instrumental variable specification for crimes that occurred in different days and at different times. Results are presented in Table 6 .
The overall effect of Bolsa Família on crime is very similar across school and non-school days, being even slightly larger for days without classes. This suggests that incapacitation effects are not a relevant channel behind the impact of CCT on crime. In terms of the hours of occurrence, on days with classes, the effects of Bolsa Família are concentrated in the afternoon and at night, while there are significant effects in the morning, evening, and night in days without classes. But coefficients are estimated with less precision when we look at crimes by time of the day, so one should not attach too much weight to these results. In any case, no point estimate displays a positive sign, indicating that there is no evidence of a simple displacement of crime across hours within a day.
Having ruled out incapacitation as the main channel linking Bolsa Família to crime, we move on to analyze the impact of the CCT program by type of crime. Types of crimes may reveal whether impacts are larger in economically motivated crimes, or in more "behavioral" crimes, shedding light on the potential role of the two remaining mechanisms. We therefore look at the effect of Bolsa Família on robberies, thefts, violent crimes, vandalism, drug-related offenses, and crimes against minors. Results are presented in Table 7 .
The table shows significant negative impacts of Bolsa Família on robberies, drug-related offenses, and crimes against minors. Thefts are seemingly unaffected, although this category is poorly measured, suffering from serious underreporting problems (as previously discussed). Point estimates are larger for drug-related offenses and crimes against minors, but the averages of these crimes are much lower than that of robbery (3 and 5, respectively, against 433). This implies that most of the quantitative impact of the CCT on crime comes from robberies. There also seems to be a negative correlation between Bolsa Família and violent crimes, but the coefficient is much smaller in magnitude and only borderline statistically significant. Overall, the evidence from the heterogeneous impact of Bolsa Família on different types of crimes suggests that economically motivated crimes (robberies) are the main driving force in the quantitative response of crime to CCT coverage.
Still, given the evidence on the response of violent crime, drug-related offenses, and crimes against minors, one cannot entirely rule out some effect through peer groups and social interactions, and even indirect income impacts through changed household routines, as suggested by Heller et al (2010) . Drug-related offenses are probably a combination of economically motivated and "behavioral" crimes, while violent crimes are likely to be mostly the latter. Crimes against minors, in turn, are likely to be very sensitive to household organization and family routines, which may change as a response to increased income.
Concluding Remarks
This paper combines detailed crime data from the city of São Paulo with information on Bolsa Família coverage per school to provide one of the first pieces of evidence on the effect of CCTs on crime. We overcome the problem of endogeneity of CCT coverage by exploiting an institutional change to the Bolsa Família program that expanded coverage to older age groups. Combining the initial demographic composition of schools with the timing of institutional change, we construct an instrument that identifies an exogenous dimension of variation in the number of children covered by the CCT. This instrument allows us to show that CCT coverage in a school has a negative impact on crime in the neighborhood. The evidence also indicates that the reduction in crime is not concentrated in school days and seems to be mostly driven by economically motivated crimes (robberies). So it is likely that the incapacitation effect from time spent in school is not a particularly relevant mechanism, while the income component of CCTs seems to play an important role.
Our paper speaks directly to the literature on impact evaluations of CCTs by showing that the reductions in poverty and inequality associated with these programs have broader social consequences, which should be taken into account in program design and evaluation. Narrow impact evaluations of these interventions, focused on very specific dimensions, should therefore be taken with a grain of salt. The results also contribute to the literature on determinants of crime, by presenting an additional piece of evidence on the relationship between socioeconomic conditions and crime: Bolsa Família has been heralded as an effective and low cost instrument to fight inequality; our results suggest that the reduction in inequality determined by the program was accompanied by reduced crime rates, reinforcing the connection between inequality and crime stressed before in the literature. APPENDIX A Source: Standard errors in parentheses robust to clustering at the school level. * significant at 10%; ** significant at 5%; *** significant at 1%. Unit of observation is a school. Dependent variable is the log of the sum of all crimes that occurred in a school neighborhood (Panel A for Middle Schools, Panel B for High Schools and Panel C for Middle and High Schools together). Coefficient is a semi-elasticity. The crime is attributed to the closest school. Controls: Year dummies, school size (number of students), average teachers' years of schooling, student-to-teacher ratio, number of students per class, dummy for sewage at the school, proportion of girls, proportion of non-whites, dummy for the presence of TV in the school, dummy for water system at the school, proportion of students older than the normal grade age and a dummy for whether computers are available for students. †: Reduced-form, dependent variable regressed on exogenous covariates and the instrument. Source: Standard errors in parentheses robust to clustering at the school level. * significant at 10%; ** significant at 5%; *** significant at 1%. Unit of observation is a school. Dependent variable is the number of Bolsa Família recipients in the school (Panel A for Middle Schools, Panel B for High Schools and Panel C for Middle and High Schools together). Controls: Year dummies, school size (number of students), average teacher years of schooling, student-to-teacher ratio, number of students per class, dummy for sewage at the school, proportion of girls, proportion of non-whites, dummy for the presence of TV in the school, dummy for water system at the school, proportion of students older than the normal grade age and a dummy for whether computers are available for students. Source: Standard errors in parentheses robust to clustering at the school level. * significant at 10%; ** significant at 5%; *** significant at 1%. Unit of observation is a school. Dependent variable is the sum of all crimes that occurred in the neighborhood of a school that has high school grades. Coefficient is a semi-elasticity. The crime is attributed to the closest school. Controls: Year dummies, school size (number of students), average teacher years of schooling, student-to-teacher ratio, number of students per class, dummy for sewage at the school, proportion of girls, proportion of non-whites. †: Reduced-form, dependent variable regressed on exogenous covariates and the instrument. 
